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Abstract
This study employs pooled OLS and fixed effect regressions to examine the effects of
ambient air pollution on self-reported school attendance in the 423 most populous
counties in the United States. Information from the U.S. Census’ American Community
Survey’s annual estimate is compared against county-level data for 14 common air
pollutant variables. When making this comparison for the general population, we find
statistically significant results for only one pollutant: ozone. We find further significant
effects for the presence of ozone when respondents are grouped by race/ethnicity and
by poverty ratio, indicating that effects of pollution, like many other social ills, may be
borne disproportionately by the poor and people of color.
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I.

Introduction
The connection between ambient (i.e. from the surrounding environment) air

pollution and health outcomes is well-established. The World Health Organization
(WHO) found that, in 2016, some 91 percent of the world’s population was living in
areas where air pollution levels exceed guidelines set by the organization in 20051.
WHO also found that at least 4.2 million premature deaths worldwide in 2016 were
caused by elevated levels of air pollution, particularly in low- and middle-income
countries in Southeast Asia and the Pacific Rim. Poor air quality contributes to a range
of adverse health conditions, including stroke, heart disease, lung cancer, and chronic
and acute respiratory diseases such as asthma (WHO 2018).
Unlike much of the world, the United States has seen a general improvement in
air quality. The U.S. Environmental Protection Agency (EPA) sets national ambient air
quality standards (NAAQS) for six “criteria pollutants”2 as mandated by the Clean Air
Act. Since standards were last revised in 1990, average national levels for all six
categories have declined steadily, and all have remained below threshold levels since
2013. Despite this, areas of concern do exist. So-called “nonattainment areas” have

1

“2005 WHO Air quality guidelines offer global guidance on thresholds and limits for key air pollutants
that pose health risks...The Guidelines apply worldwide and are based on expert evaluation of current
scientific evidence for particulate matter (PM); ozone (O3); nitrogen dioxide (NO2); sulfur dioxide (SO2).
The WHO Air quality guidelines are currently under revision with an expected publication date in 2020.”
(WHO 2018)
2
These “criteria pollutants” are carbon monoxide (CO); lead (Pb); nitrogen dioxide (NO2); ozone (O3)
particulate matter (PM); and sulfur dioxide (SO2) (EPA 2020)
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been identified by the agency throughout the U.S., mostly in urban areas and especially
in Southern California and throughout the Northeast (EPA 2020).
School-aged children likely bear the effects of poor air quality disproportionately.
The WHO found that air pollution in certain European cities had a direct impact on
issues such as “lung function, childhood infections, the development and severity of
allergic

diseases

(including

asthma),

childhood

cancer

and

neurobehavioral

development” (WHO 2005). A review of the literature on this subject in Bates (2005)
concludes that “there is no doubt that relatively low levels of pollution are responsible for
increased morbidity” in children, noting that “children may have relatively high ambient
pollution exposures, partly because they are physically active out of doors”. Despite
this, most inquiries into the effect of air pollution on health focus on adult outcomes.
Less information exists about the social impacts of air pollution on children’s
well-being, particularly on educational attainment. One growing area of study is the
effect of air quality on school absences, the latter being a key predictor of a child’s
eventual educational achievement level. Students with high levels of absenteeism
experience lower grades and a higher drop-out rate (Grossman & Kaestner 1997).
Frequent absentees have also been shown to underperform in math and reading and
exhibit lower educational and social engagement (Gottfried 2014).
This paper seeks to add to the growing body of literature linking poor air quality
to increased absenteeism by examining the question at the national level, and over a
period of years rather than weeks or months. Other literature has examined local
conditions over a narrow band of time (Ransom and Pope 1992; Ransom and Pope
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2013) or, at best, studied the issue at the state level (Currie et al. 2009). Also, using
self-reported Census data allows for the examination of the effects when controlled for
social factors such as Race, ethnicity and income.

II.

Background
This study examines EPA data related to five of the six “criteria pollutants”:

carbon monoxide (CO), nitrogen dioxide (NO), ozone (O3), particulate matter (PM), and
sulfur dioxide (SO2). (The sixth, lead, has been at very low levels for decades to the
point where data in the U.S. is all but nonexistent.) Before reviewing the literature
examining the effects of these pollutants on school attendance, we will briefly define
each and explore their common health effects.

2.1 Definition of pollutants
Carbon Monoxide ( CO) is a colorless and odorless gas originating mostly from
internal combustion engines of vehicles. CO is formed “during the incomplete
combustion of carbon-containing fuels. While complete combustion leads to the
formation of carbon dioxide, most combustion systems involve some fuel-rich regions in
which a proportion of carbon is oxidized only to carbon monoxide” (WHO 2006).
Breathing unsafe levels of CO lowers the amount of oxygen reaching the bloodstream
and organs. This can cause chest pains and other symptoms, especially in those
suffering from heart disease, and lead to hospital and emergency room admissions
(EPA 2020).
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Nitrogen Dioxide (NO2) belongs to a group of gases known as oxides of nitrogen,
and is by far the most dangerous of these gases. The majority of ambient NO2 is formed
atmospherically, when nitrogen given off in the burning of fossil fuels combines with
oxygen in a reaction catalyzed by the presence of sunlight (WHO 2006). “Short-term
exposures to NO2 can aggravate respiratory diseases, particularly asthma, leading to
respiratory symptoms, hospital admissions and emergency department visits. Long-term
exposures to NO2 may contribute to asthma development and potentially increase
susceptibility to respiratory infections” (EPA 2020).
Ozone (O3) is a compound occurring naturally in the stratosphere, where it
protects living things from the sun’s harmful radiation. But ozone can also form as a
result of “chemical reactions between oxides of nitrogen (NO2) and volatile organic
compounds (VOC). This happens when pollutants emitted by cars, power plants,
industrial boilers, refineries, chemical plants, and other sources chemically react in the
presence of sunlight” (EPA 2020). Ozone damages lung function and leads to
respiratory symptoms like coughing and shortness of breath. It can also worsen asthma
and lung diseases leading to increased medication use and hospital visits, as well as
raise the risk of premature death from respiratory disease (EPA 2020).
Particulate Matter (PMx) is a general term for various tiny particles of pollution
from various sources that are found in the air supply. This study looks at both larger
particles (PM10), and the smaller and far more dangerous PM2.5, which can penetrate
lungs and enter the bloodstream (WHO 2006). “Exposures to PM...can cause harmful
effects on the cardiovascular system including heart attacks and strokes.
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These effects can result in emergency department visits, hospitalizations and, in
some cases, premature death. PM exposures are also linked to harmful respiratory
effects, including asthma attacks” (EPA 2020).
Sulfur Dioxide ( SO2) is produced mainly in the process of burning fuel sources
that contain sulfur.

Sulfur Dioxide pollution is less present in developed countries,

where motor vehicle fuels undergo a refining process and industrial emissions are
filtered before being released into the atmosphere. However, the burning of coal as well
as unrefined gasoline leads to a higher presence of SO2 in underdeveloped nations
(WHO 2006). According to the EPA, “Short-term exposures to SO2 are linked with
respiratory effects including difficulty breathing and increased asthma symptoms… [and]
have also been connected to increased emergency department visits and hospital
admissions for respiratory illnesses” (2020).

2.2 Literature Review
A limited but growing body of literature addresses the link between air pollution
and school absences. Currie et al (2009) argue in their pivotal study “Does Pollution
Increase School Absences,” for the use of absences as a proxy for health:
[Absence data are] more sensitive to pollution-induced diseases than
hospital-related measures. There may be a great deal of illness that is not severe
enough to send a child to a hospital, and absence data offer a window on these
illnesses. Moreover, there is a long tradition of using absence from school to
define disability among children (Currie et al, 2009).
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There are, however, limiting factors in attempting to associate air pollution with
school absences. This is noted in a relatively early exploration of this relationship by
Gilliland et al (2001), “The Effects of Ambient Air Pollution on School Absenteeism Due
to Respiratory Illnesses”:
Population-based studies show that absence rates vary by school, age, grade,
and gender, and are affected by family structure, function, and other social
factors. Although the non-health-related influences on absenteeism limit its
usefulness as a measure of the adverse effects of air pollution, the majority of
school absences are illness related and attributable to either respiratory
infections or gastroenteritis, suggesting that illness is the dominant factor for
school absenteeism (Gilliland et al., 2001).
The growing number of studies in the U.S. since 2001 which have found at least
a meaningful association, if not a direct causal relationship, between pollution levels and
absenteeism seem to suggest an overall trend, both in terms of specific areas of the
country and over the period of time this study aims to address, namely the past 15
years.
The earliest significant study of this relationship in the United States might be
Ransom and Pope (1992), a study focusing on the effects of particulate matter pollution
in the Provo, Utah area. The study’s data set (1985-1990) includes a time period in
which a local steel mill shuts down, offering a natural opportunity to examine the effects
of a sudden drop in PM10 pollution. (This data set is from a time before PM2.5 was
considered the standard for particulate matter measurement.)
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The authors find that absences rose in the range of 54-77% when PM10 rose
from 50 to over 100 micrograms per cubic meter (µg/m3) (Ransom & Pope, 1992).
The authors revisit this data set in their 2013 study, this time examining both
particulate matter and carbon monoxide levels during the 13-month period of the steel
mill shutdown. The reasoning for returning to the data is that, because the mill was a
major source of particulate matter but not of carbon monoxide, it is possible to
disentangle PM10 and CO levels during the shutdown period. The results of this “natural
experiment” indicate that PM10 had a strong impact on school absences, but that CO did
not, a result the authors acknowledge but do not attempt to explain (Ransom & Pope,
2013).
Two other early U.S. studies of particular note because of their focus on ozone
are Chen (2000) and Gilliland et. al (2001). Like Ransom & Pope, both of these studies
focus on communities in the Western U.S. -- Reno, Nevada and Southern California,
respectively -- and also consider PM10 exposure levels. (Again, PM2.5 did not become
the standard until 2006.) Both studies find that ozone levels have a significant positive
effect on absenteeism. However, both studies also find that an increased presence of
PM has a negative effect on school absences (Chen, 2000; Gilliland et al., 2001).
Later studies have posited that this unexpected might be the result of non-health
factors such as socioeconomic background that correlate with pollution levels (Currie et
al., 2009), or that PM10 is difficult to distinguish from other airborne pollutants (Ransom
& Pope 2013).
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The most notable study in this area may be Currie et al. (2009), which focused
on the effects of PM10, ozone and CO on absenteeism in Texas schools from
1996-2001. Using a differences-in-differences-in-differences strategy in an effort to
disentangle the correlating pollutants, the authors make a convincing case that CO has
a direct positive effect on absenteeism. However, the effect of PM10 and ozone is at
best ambiguous (Currie et al., 2009).
One final notable study examining a subject in the U.S. is Hales et. al (2016),
which considers the effect of the more sensitive PM2.5 pollution on elementary school
absenteeism in four distinct school districts in Utah. Three school districts located in
areas of high pollution are evaluated for pollution level fluctuation while the fourth, which
experiences far lower levels of pollution, acts as a control. As a result, the authors find a
significant positive association between PM2.5 and absences. The authors note,
however, that this effect is “difficult to disentangle from other factors” (Hale et al., 2016).

III.

Data & Methodology
3.1 Data Information
This study considers data collected by the U.S. Census via the American

Community Survey (ACS). Administered on a monthly basis, the ACS reaches over 3.5
million American households each year. The survey gathers a variety of social,
demographic and economic data around subjects such as citizenship, income,
educational attainment, employment, and housing characteristics.
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This study uses the ACS 1-year estimate, which considers respondents only from
communities (counties or equivalents) with populations of over 65,000. This study
considers data from 2005 through 2018.
The variable of interest in this study is school attendance. Responses for
individuals between the ages of six and 17 only are considered in order to narrow
responses to those who would be expected to attend primary, middle, or high school.
The survey asks whether respondents have attended school in the past three months.
The counties considered in this study -- that is, those that match with the EPA collection
data -- does not follow a normal distribution curve, but rather skews leftward, indicating
a mode average attendance of .97, or nearly perfect attendance (see Figure 2).
Other explanatory variables besides age considered here include sex,
race/ethnicity, family income, poverty ratio, and birthplace. The race/ethnicity identities
considered here are: Hispanic, non-Hispanic white, Black, asian, and non-Hispanic
(other). Poverty ratio for the ACS is expressed as a percentage of the national poverty
threshold for a given year, depending on the size, age and composition of a given
household. (Households earning more than five times the poverty rate are all rated at
501% of the poverty threshold.) Birthplace is expressed in a binary manner, with
respondents indicating whether they were born in the United States or abroad.
Data on pollution levels is derived from the EPA’s Air Quality Statistics Report
(AQSR). The AQSR reports ambient pollution levels related to national air quality
standards and includes readings for all six criteria pollutants. The report returns air
pollution statistics from all available counties, for all six criteria pollutants, for one year.
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The values shown are the highest reported during the year by all monitoring sites in the
county or equivalent. Table 1 details measurement characteristics for the five criteria
pollutants utilized in this study.

3.2 Methodology
As mentioned above, AQSR returns yearly measurements for all U.S. counties.
However, the Census’s ACS only includes responses from counties with a population of
over 65,000. This results in a panel data set that is unbalanced, meaning that data does
not exist for all counties in all time periods. In spite of this, the data set is still considered
usable because results are returned from a representative set of U.S. counties
(Figure 1).
To mitigate the effects of the unbalanced panel data set, this study considers
three types of regression models: pooled OLS, random effects, and fixed effects. A
pooled OLS model uses both the between group and within group variation to establish
parameters. This makes it possible to pool the data and conduct an ordinary least
squares dummy variable (LSDV) regression to determine whether the OLS results are
consistent. In a random effects model, the individual effects are distributed randomly
across the cross-sectional units and in order to capture the individual effects, and the
regression model is specified with an intercept term representing an overall constant
term. Whereas in a fixed effects model, the group means are fixed (non-random). Each
individual has a different intercept term and the same slope parameters.
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After running these three regression models it is necessary to determine which
best fits the data. As a rule, a fixed effect model would be preferred due to its
consistency, but a random effects model could turn out to be preferable if its
consistency is found to be constant, as it is more efficient. To determine the answer, this
study performs a Hausman test on the random effects model and finds the hypothesis
to be rejected, therefore confirming the fixed effect model to be the preferred method
model accounting for estimating the heterogeneous effects of air pollution on student
school attendance.
The fixed effect regression model is

Yi𝑡 = 𝛽1𝑿1,i𝑡 + ᐧ · · + 𝛽𝑘𝑿𝑘,i𝑡 +
 αi + ui𝑡

i

t

With  = 1, . . . ,n and  = 1,. . .,T. The αi a
 re entity-specific intercepts that capture
heterogeneity across counties.

IV.

Empirical Results
4.1 Main Results
Four of the 13 pollution variables considered for this study were found to have

some kind of significant effect on absenteeism: NO2 98th percentile; ozone 1-hr 2nd max;
SO2 99th percentile; and SO2 24-hr 2nd max. (See Table 1 for an explanation of these
variables.) Of the four, only ozone was found to have a positive, significant and
consistent effect on absenteeism. For every unit increase in parts per million of ozone,
absenteeism increased by about 3.5 per cent (Table 3).
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NO2 did not present initially as significant, and was only found to have a positive
and significant effect when including the lag. (NO2 is a constituent element of ozone,
which may account for its registering a positive effect in the lag.) Both variables of SO2
returned significant negative e
 ffects on absenteeism which disappeared when adding in
the lag, and for that reason can be easily discounted. Therefore, it was determined that
the ozone measurement was the lone variable warranting consideration.
Table 2 outlines our summary statistics. For our dependent variable, school
attendance, we find more variation in our standard deviation within individuals over time
than between individual respondents, which could indicate that external conditions are
acting to suppress attendance in some years but not others. For our independent
variable, ozone levels, it is the opposite: there is more variation between reporting
locations than within the same reporting location over time. This is logical as different
areas of the country experience wildly different levels of pollution.
Table 4 and Table 5 show the results of the OLS and LSDV regressors,
respectively. The results of the LSDV match those of the fixed effects regression (Table
6), indicating that the OLS is not consistent and that fixed effect is, in fact, or preferred
method.
Table 6 outlines the results of the fixed effects regression. For every unit
increase in parts per million of the one hour 2nd maximum value of ozone, absenteeism
increases by about 4.2 percentage points, and is significant to a threshold of 95 percent.
This result is identical when respondents identifying as Black are used as a base
variable as well as when those identifying as White are used.
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The result also holds up when the trend is included, which is not surprising
because the trend itself is shown to be flat in all of the models run (see Figure 3).
Including the lagged pollution levels also did not affect the results significantly, either
alone or when included with the trend.

4.2 Secondary Results
As shown in Table 6, the following explanatory variables were submitted to the
fixed effects regression: U.S. citizenship, place of birth, poverty ratio, total income, sex,
age, and four non-White race or ethnic groupings (Black, Hispanic, Asian and other). Of
these, only the poverty ratio affected a significant positive increase on the levels of
absenteeism when elevated levels of ozone were present. Another finding of note:
belonging to a given race or ethnic group did not seem to increase the positive effect of
ozone on absenteeism. However, when including an interaction between respondents
identifying as Black and the ozone data, the overall percentage of absenteeism rose to
nearly 4.8 per cent.

V.

Conclusion
This paper sought to examine the relationship between ambient air pollution and

school absenteeism in counties across the United States. By comparing EPA air quality
readings with Census survey data, we found a possible link between heightened levels
of ozone and school absences.
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These results are in keeping with a number of the regionally-focused studies
found in the literature. Also, absenteeism seemed to be exacerbated when family
income relative to the poverty line is considered, as well as when cross-referenced with
percent individuals identifying as Black.
As covered in the literature review, all papers on this subject appear to study this
issue at a local or, at best, state level. More study is needed to understand this issue at
the national level. This is true of individual pollutants, the presence of which are difficult
to disentangle from one another, but it is especially true in terms of the veracity of data
from survey respondents. For example, examining year-over-year absentee rates paints
a very broad picture; more might be discovered by following a cohort of students for
several years and soliciting absenteeism information on a monthly or even weekly
basis. Researchers might also seek to compile absence reporting from schools directly,
as is done in many of the studies in the literature. However, we see there a wide variety
of reporting protocols across different school systems that would be very difficult to
reconcile at the national level.
The opportunity to study subjects according to key identifiers would also be lost
unless a school system was able to provide such information in a manner consistent
with privacy laws. Overall, the interaction between pollution and absences when applied
to similar groups across the country seems under-examined.
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VIII.

Tables

Table 1. Pollution Variables

Name

Description

CO 1-hr 2nd Max

For Carbon Monoxide, the 2nd highest 1-hour measurement in the year.

CO 8-hr 2nd Max

For Carbon Monoxide, the 2nd highest non-overlapping 8-hour average in the year.

NO2 98th %ile

For Nitrogen Dioxide, the 98th percentile of the daily max 1-hour measurements/year.

NO2 Annual Mean

For Nitrogen Dioxide, the annual mean of all the 1-hour measurements in the year.

O3 1-hr 2nd Max

For Ozone, the 2nd highest daily max 1-hour measurement in the year.

O3 8-hr 4th Max

For Ozone, the 4th highest daily max 8-hour average in the year.

SO2 99th %ile

For Sulfur Dioxide, the 99th percentile of the daily max 1-hour measurements in the year.

SO2 24-hr 2nd Max

For Sulfur Dioxide, the 2nd highest 24-hour average measurement in the year.

SO2 Annual Mean

For Sulfur Dioxide, the annual mean of all the 1-hour measurements in the year.

PM2.5 98th %ile

For PM2.5, the 98th percentile of the daily average measurements in the year.

PM2.5 Wtd Mean

For PM2.5, the Weighted Annual Mean (mean weighted by calendar quarter) for the year.

PM10 24-hr 2nd Max

For PM10, the 2nd highest 24-hour average measurement in the year.

PM10 Annual Mean

For PM10, the Weighted Annual Mean (mean weighted by calendar quarter) for the year.

(EPA, 2020)
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Table 2. Summary Statistics
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Table 3. Estimated Effects of NO2, O
 3 and SO2 on Average School Attendance
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Table 4. Estimated Pooled OLS Effects of O3 1-hr 2nd Max on Average
School Attendance
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Table 5. Estimated OLS - (LSDV) Effects of O3 1-hr 2nd Max on Average
School Attendance
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Table 6. Estimated Fixed Effects of O3 1-hr 2nd Max on Average
School Attendance
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IX.

Figures
Figure 1. Sample Counties
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Figure 2. Sample Distribution
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Figure 3. Estimated Effect of O3 1-hr 2nd Max on Average School Attendance
with Linear Trend

